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Abstract. The coronavirus disease 2019 (COVID-19) pandemic brought the availabil-
ity of diagnostic tests to the forefront of public attention and highlighted the preva-
lence of undertesting (i.e., insufficient test supply relative to demand). Another 
important yet little studied systematic issue is overdiagnosis (i.e., positive diagnoses 
for patients with negligible viral loads); evidence suggests that U.S. laboratories have 
adopted highly sensitive diagnosis criteria such that up to an estimated 90% of posi-
tive diagnoses are for minuscule viral loads. Motivated by this situation, we develop 
a theory of diagnostic testing for infectious diseases that explains both undertesting 
and overdiagnosis. We show that a commercial laboratory has an incentive to inflate 
its diagnosis criterion, which generates a higher diagnosis-driven demand as a result 
of contact-tracing efforts, albeit while dampening demand from disease transmis-
sion. An inflated diagnosis criterion prompts the laboratory to build a higher testing 
capacity, which may not fully absorb the inflated demand, so undertesting arises. 
Finally, we examine a social planner’s problem of whether to mandate that the labo-
ratory report the viral load along with its diagnosis so that a physician or contact 
tracer can make informed triage decisions. Our results show that the social planner 
may choose not to mandate viral-load reporting initially; this choice induces a higher 
testing capacity and can help reduce disease transmission.
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1. Introduction
A recurring theme of the literature on diagnostic ser-
vices (e.g., Sarvary 2002, Arora and Fosfuri 2005, Dai 
and Singh 2020, Mullainathan and Obermeyer 2022) is 
the provision of testing. Whereas much of the literature 
focuses on the phenomenon of overprovision by diag-
nostic experts (McGuire 2000), the coronavirus disease 
2019 (COVID-19) pandemic reveals the prevalence of 
undertesting (i.e., a shortage of laboratory testing 
capacity relative to the demand for testing); during the 
initial months of the pandemic, the United States failed 
to roll out abundant and usable testing, resulting in 
widespread community infection that was not con-
tained or detected (Shear et al. 2020). For much of the 
pandemic, the United States continued to experience 
severe undertesting during periods of high demand 
(Rosenthal 2021).

Whereas the issue of undertesting during the pan-
demic has been widely recognized, another important 
issue, overdiagnosis, has not received due attention. By 
“overdiagnosis,” we do not mean that patients are 

given wrong diagnoses. Rather, we mean that patients 
with negligible viral loads are given positive diagno-
ses.1 According to a New York Times article entitled 
“Your coronavirus test is positive. Maybe it shouldn’t 
be” (Mandavilli 2020a),

In three sets of testing data that include cycle thresh-
olds, compiled by officials in Massachusetts, New 
York and Nevada, up to 90 percent of people testing 
positive carried barely any virus [emphasis added], a 
review by The Times found. On Thursday, the United 
States recorded 45,604 new coronavirus cases, accord-
ing to a database maintained by The Times. If the rates 
of contagiousness in Massachusetts and New York 
were to apply nationwide, then perhaps only 4,500 of 
those people may actually need to isolate and submit to 
contact tracing. (Mandavilli 2020a)

Overdiagnosis arises because when conducting the 
polymerase chain reaction (PCR) test for COVID-19,2

U.S. commercial laboratories rely on a rather large 
magnification factor as measured by the cycle thresh-
old (CT): that is, the number of cycles necessary for 
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spotting the coronavirus. (The PCR process amplifies 
DNA segments cycle by cycle. A total of 30 cycles 
result in 230, approximately 1 billion, copies of the 
original DNA segments, whereas a total of 40 cycles 
result in 240, approximately 1 trillion, copies.) A low 
CT means a high viral load and vice versa (Mandavilli 
2020b). According to Mandavilli (2020a), “most tests 
set the limit at 40, a few at 37,” which means that 
patients are given positive diagnoses if the PCR test 
takes up to 40 or 37 cycles. Yet, “tests with thresholds 
so high may detect not just live virus but also genetic 
fragments, leftovers from infection that pose no partic-
ular risk—akin to finding a hair in a room long after a 
person has left.” For this reason, experts agree that tests 
with a CT above 35 are too sensitive and that “a more 
reasonable cutoff would be 30 to 35.” Echoing the New 
York Times article, in a July 17, 2020 interview with This 
Week in Virology, Dr. Anthony Fauci explained (This 
Week in Virology 2020),

If you get a cycle threshold of 35 or more, the chance of 
it being replication competent are minuscule … It’s 
very frustrating for the patients as well as for the physi-
cians that someone comes in and they repeat their PCR 
and it’s like 37 cycle threshold, but you almost never 
can culture virus from a 37, 38, even 36 cycle. It’s just 
dead nucleotides. Period. (This Week in Virology 2020)

Even as U.S. laboratories rely on hypersensitive 
diagnostic criteria, they rarely, if ever, report the CT 
values along with a binary diagnosis (i.e., positive or 
negative), blinding physicians, contact tracers, and 
others who seek to assess the viral load behind the 
binary diagnosis.3 Physician leaders in the United 
States increasingly demand a departure from the lack 
of reporting of viral load, as evidenced in a recent Sci-
ence article entitled “A call for diagnostic tests to report 
viral load” (Service 2020), which contends that includ-
ing the CT value in the diagnosis can help (1) contact 
tracers “triage their efforts based on CT values” and 
(2) physicians “flag patients most at risk for severe dis-
ease and death.” The call has been echoed outside the 
United States. In India, “many doctors are now telling 
patients that their COVID-19 test reports should men-
tion the cycle threshold (CT) value, and not just the 
positive or negative outcome” (Rao 2020). Despite 
these calls for action, “little effort has been made to 
track viral loads” (Mandavilli 2020b).

In this paper, motivated by the situation, we develop 
a theory of laboratory testing that explains both under-
testing and overdiagnosis amid an pandemic. A com-
mercial laboratory sets the CT cutoff (i.e., the maximum 
number of cycles before the PCR test stops), which it 
uses to determine whether a patient is positive or nega-
tive. If a patient has a level of virus that is detectable 
before the number of cycles reaches the CT cutoff, 
the patient is diagnosed as positive; conversely, if the 

level is not detectable within those cycles, the patient is 
diagnosed as negative.4 Consistent with the standard 
receiver operating characteristic (ROC) curve approach 
to determining cutoffs for diagnostic tests (McNeil et al. 
1975, Ekelund 2011), in the absence of revenue incen-
tives, the laboratory would choose a CT cutoff that 
minimizes the sum of the expected costs to the patient 
of a false-positive diagnosis and a false-negative diag-
nosis. This approach assumes maximum diagnostic 
uncertainty for each patient tested and results in a CT cut-
off that does not depend on the prevalence of the disease 
in the population. In Section 5.1, we allow for the possibil-
ity of a prevalence-dependent CT cutoff and show that 
our main results are robust to the alternative approach of 
setting the CT cutoff. In addition to choosing the CT cut-
off and deciding whether to report the CT value on test 
results, the laboratory chooses its future capacity level by 
weighing demand for testing resulting from both contact 
tracing and community spread.

Most diagnostic service providers in the United 
States, including publicly listed companies such as 
Quest Diagnostics, are for-profit commercial entities 
(Foley 2020). At the same time, they are providing an 
essential public service. Thus, the laboratory’s decision 
making is motivated by both profitability and patient 
well-being. We show that under reasonable parametric 
assumptions, the laboratory has an incentive to inflate 
the PCR diagnosis criterion as specified by the CT cut-
off. The inflated CT cutoff generates a higher demand 
for testing as a result of contact-tracing efforts. At the 
same time, the inflated CT cutoff reduces the chance of 
false-negative diagnoses, which thus helps reduce com-
munity spread; as a result, the laboratory faces damp-
ened demand from disease transmission. In view of 
this trade-off, our further analysis reveals that the labo-
ratory is more likely to inflate the diagnosis criterion if 
the intensity of contact tracing is high relative to the 
expected contagiousness.

Our model allows the laboratory’s diagnostic policy to 
interact with its capacity decision. We show that an 
inflated diagnosis criterion incentivizes the laboratory to 
build a higher testing capacity. Yet, the increased capacity 
may not fully absorb the inflated demand. As a result, the 
phenomenon of undertesting (i.e., the probability that all 
demand can be satisfied is lower than when the labora-
tory does not inflate the diagnosis criterion) can arise 
despite the high testing capacity. In this sense, we have 
developed a unifying theory that explains both undertest-
ing and overdiagnosis of infectious diseases.

We also analyze a social planner’s regulatory prob-
lem. In the United States, a laboratory’s diagnostic test-
ing process and interpretation of testing results are 
considered part of the practice of medicine and cannot 
be directly regulated (Shirts 2020). Despite the social 
planner’s inability to control the sensitivity of diagnostic 
tests, a possible regulatory decision entails whether to 
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mandate the laboratory to report the viral-load informa-
tion along with a binary diagnosis such that a physician 
or contact tracer can better assess the patient’s condition 
(Mandavilli 2020b). We show that not mandating the 
laboratory’s reporting of viral-load information may be 
in the social planner’s best interest for the following 
reason. When the laboratory is mandated to report 
the viral-load information along with each test result, 
other parties (including physicians, contact tracers, and 
patients) can use the viral-load information to triage 
contact-tracing efforts that contribute to additional de-
mand for testing. Stated differently, by disclosing the 
viral-load information, the laboratory essentially gives 
up its demand-inducing power to others. Because other 
parties will rely on a lower CT cutoff in their decisions, 
the laboratory faces a lower total demand, all else being 
the same. Accordingly, the laboratory does not elevate 
testing capacity to a level that provides the same level 
of testing availability. In addition, a lower CT cutoff 
increases the patient’s likelihood of receiving a false- 
negative test result, which contributes to community 
spread. Therefore, in light of public interest, the social 
planner may find that not mandating the reporting of 
the viral-load information initially is more desirable. 
This result highlights the tensions between the objec-
tives of various stakeholders and sheds light on deli-
cate trade-offs that policymakers have to make amid an 
epidemic or pandemic.

Our paper contributes to the policy discourse on the 
resilience of public health supply chains by providing a 
novel theory that explains both overdiagnosis and 
undertesting. Although our findings are broadly consis-
tent with empirical observations, we do not claim that 
our theory is the sole explanation for these phenomena 
or that it captures all the forces driving a laboratory’s CT 
cutoff and capacity decisions; we discuss several alterna-
tive explanations in Section 6. Our analysis is from a 
descriptive perspective and suggests that in the absence 
of direct public investment in testing capacity, both phe-
nomena, as undesirable as they are, may necessarily 
arise and are indeed a result of the social planner’s ratio-
nal choice. These results have important implications 
for future epidemics or pandemics. Nobel laureate Gary 
Becker (2020) estimates, “The expected worldwide cost 
in terms of willingness to pay to avoid the risk of 
another great pandemic that had a one in hundred prob-
ability of occurring during the next twenty years would 
be approximately 1/100→ $20 trillion, or about $200 bil-
lion. This cost would justify sizable increases in [public 
health investments]” (Becker 2020, p. 55). In a JAMA arti-
cle, Cutler and Summers (2020) estimate the total cost of 
the COVID-19 pandemic to the United States at $16 tril-
lion, more than 90% of the country’s annual economic 
output. In light of the magnitude of these estimates, our 
findings have implications for countries that have built 
testing capacity primarily through the private sector. 

Public-private partnerships and innovative contracting 
mechanisms aimed at disentangling laboratories’ diag-
nostic testing decisions from incentives to build testing 
capacity are worth exploring.

The rest of the paper is organized as follows. In Sec-
tion 2, we discuss how our paper relates and contributes 
to the relevant literature in economics and marketing. 
Section 3 sets up our modeling framework. Section 4
analyzes our model and generates managerial implica-
tions related to the laboratory’s diagnostic threshold 
and capacity decisions as well as policy implications 
related to overdiagnosis and undertesting. Section 5
presents two extensions of the main model. Section 6
concludes.

2. Literature
Our paper is related to the literature on diagnostic ser-
vices. This literature originated with Darby and Karni 
(1973) and initially focused on strategies to reduce 
fraud by credence-goods sellers (e.g., automobile 
mechanics, electronic specialists, and physicians). For 
example, Dranove (1988) studies the negative effect of 
unnecessary treatments on reputation and shows that 
the extent of unnecessary treatment depends not only 
on the price and potential medical benefit of the treat-
ment but also on the relative diagnostic skills of the 
physician and the patient. Wolinsky (1993) shows that 
reputation considerations can help discipline experts in 
these markets. Subsequently, Arora and Fosfuri (2005) 
study buyers’ willingness to pay for diagnostic infor-
mation that can be used for decision making and sug-
gest a nonmonotonic relationship between the buyer’s 
willingness to pay and the ex ante probability of suc-
cess. Durbin and Iyer (2009) show that the presence of 
side payments can facilitate truthful communication by 
a corruptible diagnostician. Jiang et al. (2014) show that 
a diagnostic expert’s pricing decision can function as a 
signal of the expert’s altruism. Dai and Singh (2020) 
study how a physician can use the diagnostic process 
to signal his or her diagnostic skills to peers, and they 
show that undertesting can serve as a signal of diag-
nostic ability. Our paper contributes to this literature 
by studying the externality of individual diagnosis 
decisions, which has implications for both short- and 
long-term demand for diagnostic testing and poses a 
novel economic trade-off. In doing so, it enriches this 
literature by formalizing the interaction between diag-
nostic decision making and testing capacity.

Another stream of related literature concerns infor-
mation disclosure and emerges from the seminal works 
by Grossman (1981) and Milgrom (1981), which estab-
lish full unraveling of private quality information. Sub-
sequent work has revealed a myriad of drivers of 
partial information disclosure. For example, Jovanovic 
(1982) and Verrecchia (1983) argue that the presence of 
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disclosure costs can result in partial disclosure, whereas 
Dye (1985) shows that a manager who is believed to be 
imperfectly informed may be able to hide information. 
Bhardwaj et al. (2008) and Mayzlin and Shin (2011) reason 
that a limited disclosure bandwidth may force a player to 
disclose only a subset of information. Guo and Zhao 
(2009) show that competition can reduce firms’ incentive 
to disclose information. Iyer and Singh (2018) find that a 
firm has a lower incentive to disclose product safety infor-
mation using voluntary certification if product safety 
and consumer effort are complements but not when they 
are substitutes. Iyer and Singh (2022) show that compet-
ing firms have lower incentives to disclose rival firms’ 
negative information than to disclose their own positive 
information. Similar to our paper, Zhang (2014) studies 
implications of a mandatory disclosure requirement 
imposed by the policymaker and shows that mandatory 
disclosure does not always benefit consumers. However, 
the focus of that paper is on the policy’s effect on con-
sumers’ inferences of quality.5 In our paper, the labora-
tory conceals patient information to create additional 
future demand for testing. Because this information- 
concealment behavior also helps reduce the spread of 
disease transmission, mandatory disclosure may be un-
desirable even from the social planner’s perspective.

Our research contributes to the growing theoretical lit-
erature on pandemic-related policy issues. Ely et al. (2021) 
examine a policymaker’s decision to allocate tests that dif-
fer in their sensitivities and specificities and provide an 
algorithmic solution for the test-allocation problem. de 
Véricourt et al. (2020) explore governments’ decision of 
communicating the severity of the pandemic and show 
that the relative focus on the economy and public health 
can lead a government to downplay or exaggerate the 
severity of the pandemic. Guo (2022a) investigates 
whether and when a social planner’s communication 
about the severity of the pandemic can be credible in the 
presence of misrepresentation incentives. Guo and Xu 
(2023) argue in support of more equal consumption of 
pandemic-fighting resources and suggest that discrimina-
tory subsidies in favor of individuals with lower willing-
ness to pay for these resources can maximize social 
welfare. Guo (2022b) compares the effects of lockdowns 
and quarantines and shows that in some cases, a lock-
down (or targeted isolation) may lead to worse conse-
quences than quarantines. Our work is also related to 
several papers in the healthcare operations and supply 
chain management literature related to (1) diagnostic test-
ing policies (e.g., Adida and Dai 2023, Jain et al. 2024) and 
(2) pandemic control policies (e.g., Mak et al. 2022, Wang 
et al. 2024). We contribute to this literature by examining a 
policymaker decision of whether to mandate the report-
ing of the CT cutoff for PCR tests commonly used to diag-
nose infectious diseases.

Finally, our paper also contributes to the literature on 
the delegation of decision rights. Lal (1986) and Bhardwaj 

(2001) examine the implications of the delegation of pric-
ing decisions in the context of Salesforce. Lal (1986) 
shows that delegation can be desirable when the sales-
person is better informed than the manager. Bhardwaj 
(2001) shows that it can be desirable when price com-
petition in the market is more intense. Singh (2017) 
studies how delegation of decision rights to an agent 
shapes corruptible behavior in a procurement auction. 
Özer et al. (2018) study the consequences of infor-
mation sharing, advice provision, and delegation on 
cooperation between two parties. Dogan et al. (2024) 
show that a firm’s organization structure (centralized 
versus decentralized) is an important driver of 
decision-making rights of its managers. In our paper, 
the laboratory decides whether to keep the right of 
deciding the patient’s diagnosis or to disclose the viral 
load on the test result and delegate the authority to 
physicians. We find that the laboratory prefers to keep 
the decision right to itself.

3. Model
We consider a model with two periods (periods 1 and 2) 
such that the same mass 1 of individuals lives in both 
periods.6 At the beginning of period 1, a proportion φ�of 
these individuals is infectious (i.e., they can infect others 
with the disease on contact). The remaining (1 φ) are 
not infectious, either because they have never been 
infected or because they carry a negligible amount of 
viral residue, which can neither make them sick nor 
infect others.7 After a patient becomes infectious, symp-
toms (e.g., fever, cough, headache, fatigue, sore throat, 
and new loss of taste or smell) may take several days to 
appear. In addition, some patients may fully recover 
without ever showing any symptoms (Buitrago-Garcia 
et al. 2020). We assume a proportion α�of all infectious 
patients exhibits disease symptoms. The remaining pro-
portion (1 α) of infectious patients is asymptomatic. 
The symptoms may not be unique to the disease; 
patients can experience them because of other diseases 
(e.g., influenza). A proportion β�of (1 φ) individuals 
who are not infectious (where β < α) also exhibits dis-
ease symptoms. Patients with symptoms seek testing for 
the virus. A laboratory performs a PCR test (hereafter, 
“test”) to determine if a patient is infectious.8 The test 
returns a CT value denoted by x, a proxy for viral load. 
We assume that x is continuous and normalize the range 
of x to [0, 1].9 The value of x returned by the test is 
stochastic and depends on whether the patient is infec-
tious. A higher value of x indicates a lower viral load, 
and vice versa. For an infectious patient, the value of x is 
an independent draw from the triangular distribution 
with mode 0, probability density function (pdf) g(x) ↑
2(1 x), and cumulative distribution function (cdf) 
G(x) ↑ 1 (1 x)2. Similarly, for a patient who is not 
infectious, the test returns an x that is an independent 
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draw from a triangular distribution with mode 1, pdf 
h(x) ↑ 2x, and cdf H(x) ↑ x2. The CT value from a nonin-
fectious patient’s test result first-order stochastically 
dominates that from an infectious patient’s test result; 
that is, the cumulative distribution function has a higher 
value for an infectious individual than for a noninfec-
tious individual at any CT value x. Both conditional dis-
tributions have support of [0, 1]. The CT value (x) 
returned by the test is the private information of the 
laboratory.

The laboratory sets a CT cutoff κl ↓ [0, 1] and concludes 
that the patient is positive if x ↔ κl and negative if x > κl. 
Because a higher value of x indicates a lower viral load, 
the CT cutoff κl essentially sets an upper bound for a posi-
tive diagnosis. Most of the U.S. commercial laboratories 
(e.g., Quest Diagnostics) are for-profit entities (Foley 
2020). However, because they are providing an essential 
public service (diagnostic medical testing), they are not 
necessarily entirely profit driven. Consistent with the 
health economics literature (e.g., Arrow 1963), we assume 
that the laboratory is motivated by both profitability and 
patient well-being in its decision making. (We provide the 
expression for the laboratory’s objective function in the 
next section.) The laboratory decides whether it will 
report only the binary diagnosis or both the diagnosis and 
CT value on the test results.

Suppose that the laboratory decides to include both 
the binary diagnosis and the CT value on the test 
results. In this case, the physician who unlike the labo-
ratory, is only concerned with the well-being of the 
patient and understands that the laboratory’s decision 
may have been influenced by profit motives, disre-
gards the laboratory’s binary diagnosis and uses the 
CT value to diagnose the patient. The physician sets 
the CT cutoff κp ↓ [0, 1]—the subscript p stands for 
“physician”—and diagnoses the patient as positive if 
x ↔ κp and negative if x > κp.10 (We use “physician” as 
a proxy for individuals who act in the best interest of 
the patient. In real life, these individuals can include 
nurses, contact tracers, and caregivers.) An infectious 
patient may be diagnosed as negative (i.e., false nega-
tive) with probability [1 G(κp)]. The infectious pa-
tient incurs a cost cFN if she is diagnosed as negative; 
the cost includes, for example, the risk posed to the 
patient’s family members and other close contacts. 
The patient’s expected cost from a false-negative diag-
nosis is, therefore, cFN · [1 G(κp)]. Similarly, a patient 
who is not infectious is diagnosed as positive with 
probability H(κp). We represent the patient’s cost in 
the event of a false-positive diagnosis by cFP, which 
can include, for example, the patient’s lost productiv-
ity and unnecessary isolation from family (Wu 2020). 
The patient’s expected cost from a false-positive diag-
nosis is, therefore, cFP ·H(κp). True-positive and true- 
negative diagnoses do not impose any misdiagnosis 
costs.

Next, we describe the approach we follow to deter-
mine the CT cutoff. Several approaches have been pro-
posed to set cutoffs for medical diagnostic testing, and 
they yield comparable cutoffs. The most common way 
to set cutoffs is based on the receiver operating charac-
teristic curve approach; see, for example, McNeil et al. 
(1975) for a seminal discussion of the approach and 
Ekelund (2011) for a more recent illustration. In its 
simplest form, the requirement can be described as 
follows. If a single test is being used for diagnosis, the 
cutoff should be set to produce equal test sensitivity 
(se ↑ G(κp): the probability that an infectious patient 
is tested positive) and specificity (sp ↑ 1 H(κp): the 
probability that a noninfectious patient is tested nega-
tive). Alternatively, the cutoff may be set to maximize 
the sum (se + sp) of test sensitivity and specificity (or 
equivalently, minimize the probability of erroneous 
diagnosis: that is, (1 se) + (1 sp)). Note that the 
underlying assumption is that the costs of a false- 
negative diagnosis, cFN, and a false-positive diagnosis, 
cFP, are comparable. For a variety of diseases (including 
COVID-19), cFP ≠ cFN. Therefore, we consider the cut-
off as being set to minimize the sum of the expected 
cost of false-negative diagnosis and false-positive diag-
nosis, which we express as

ξ(κp) ↑ (1 se)cFN + (1 sp)cFP: (1) 

Substituting the expressions for se and sp, we get

ξ(κp) ↑ cFN · [1 G(κp)] + cFP ·H(κp): (2) 

Note that minimizing ξ(κp) is equivalent to maximizing 
the patient utility under the assumption of maximum 
diagnostic uncertainty for all patients because the bene-
fits of true-positive diagnosis and true-negative diagno-
sis can be absorbed into cFN and cFP, respectively. The 
physician, who acts in the best interest of the patient, 
chooses a CT cutoff of κp that minimizes ξ(κp). Solving 
the first-order condition yields a test cutoff of

κp ↑
cFN

cFN + cFP
: (3) 

Note that the approach to determine test cutoffs is 
agnostic about the extent of disease prevalence in the 
population, a property that has been acknowledged as 
a significant benefit of the ROC approach, particularly 
in scenarios of rapidly evolving disease spread (Doi 
2013). This approach assumes the maximum diagnostic 
uncertainty; that is, the sample being tested is equally 
likely to be positive or negative. Alternative approaches 
in which the cutoffs respond to the extent of disease 
spread have been proposed, but they face many imple-
mentation challenges (Caraguel et al. 2011, Bentley et al. 
2012). For example, if cutoffs were to be a function of 
the COVID-19 spread level in the population, different 
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geographic and demographic groups would be diag-
nosed using different cutoffs, which would need to 
change with time as different waves of infection hit the 
population. Doing so, however, would create signifi-
cant implementation issues and confusion. Therefore, 
consistent with medical practice in the United States, in 
our main analysis, we follow an approach in which the 
test cutoff is nonresponsive to the level of virus spread. 
We are not aware of any practice in which testing labo-
ratories dynamically update their diagnostic threshold 
based on the disease prevalence among the population. 
Our main results are robust to alternative approaches 
for setting test cutoffs; see Section 5.1 for a robustness 
check for the case in which the CT cutoff depends on 
the disease prevalence. All patients who the physician 
classifies as positive are quarantined.

Now, suppose the laboratory decides to report only 
its binary diagnosis on the test result. In this case, 
the physician does not receive the CT-value (x) infor-
mation, and patients are quarantined following the 
laboratory’s binary diagnosis. By not disclosing the CT 
value on the test result, the laboratory essentially 
keeps the diagnostic-decision right with itself. By con-
trast, by disclosing the CT value, the laboratory forfeits 
its diagnostic-decision right to the physician. A labora-
tory’s unwillingness to disclose the CT value does not 
necessarily mean that the CT value will not become 
available to the physician. A policymaker decides 
whether to require the laboratory to disclose the CT 
value to physicians.11 If the policymaker mandates 
CT-value reporting, the laboratory follows the policy-
maker’s directions and discloses it on test results.

In addition to deciding the CT-value disclosure pol-
icy and CT cutoff (κl) in period 1, the laboratory decides 
its testing capacity C2 for period 2 (which is also the ter-
minal period); we assume C2 ↗ C1, and the special case 
of C2 ↑ C1 means that the laboratory does not invest in 
building additional capacity. Building testing capacity 
is costly and time consuming because “buying new 
machinery is expensive, and staff have to be retrained 
and incentivized to work in tough conditions” (Foley 
2020). It is also risky because of demand uncertainty 
because “it’s hardly appealing to build capacity [the 
laboratory] might not need six months from now” 
(Foley 2020). The cost of period 2 testing capacity is 
given by γ(C2

2 C2
1),

12 where γ > 0 is the capacity-cost 
parameter.13 (We normalize the unit cost of the test kit 
to zero for simplicity of analysis.) After setting its viral- 
load disclosure policy, CT cutoff, and period 2 capacity, 
the laboratory starts testing patient samples.

For each tested sample, the laboratory generates a 
revenue of r0. Because r0 is usually determined by the 
insurance company and is independent of the labora-
tory’s disclosure decision or the volume of tests pro-
cessed, we assume that it is exogenously given. In 
period 1, the laboratory has a limited and exogenously 

given testing capacity C1, which is insufficient to 
meet the overwhelming period 1 demand for testing 
(specifically, C1 < αφ+ (1 φ)β). Therefore, a subset 
of patients is randomly selected from those seeking 
testing (i.e., from those showing the disease symptoms 
in period 1) to match the testing capacity.

All patients with positive test results are quaran-
tined; these patients include both true and false posi-
tives. Once quarantined, true-positive patients do not 
infect others, and false-positive patients do not become 
infected. True-negative patients (i.e., those who carry 
no or negligible viral load) are not infectious.14 How-
ever, certain infectious patients are either not tested 
or tested false negative in period 1. Because these pa-
tients are not quarantined, they come into contact with 
others, and they spread the virus. We assume that each 
such patient infects R0 additional individuals. (In epi-
demiology, R0 is known as the basic reproduction 
number, and it captures the infectiousness of the dis-
ease.) We assume that R0 follows a uniform distribu-
tion with a support [0, R0] and cdf F(R0) ↑ R0=R0. We 
assume that all the φ�patients, who are infectious in 
period 1, recover at the end of period 1. The rationale 
behind this assumption is the length of time (up to sev-
eral months) needed for testing-capacity changes com-
pared with the weeks needed for patients to fully 
recover from the infection.15

In period 2, in addition to those with symptoms, indi-
viduals who came into direct contact with those who 
tested positive in period 1 seek to be tested. We refer to 
the demand from this group as contact-tracing demand 
(or diagnosis-induced demand). It is determined by the 
contact-tracing intensity ρ, which represents the num-
ber of individuals who seek testing because they came 
into direct contact with someone who subsequently 
tested positive in period 1.16 Similar to period 1, if 
demand for testing is higher than the period 2 testing 
capacity, a subset of all individuals seeking testing is 
randomly selected to match the testing capacity C2. The 
laboratory has a discount factor of one.

The timing of actions (also shown in Figure 1) is as 
follows; all the policy and capacity decisions are made 
in period 1, which has five stages. In the first stage, 
the policymaker decides whether the disclosure of the 
CT value is mandatory. Next, the laboratory decides 
whether to disclose the CT value and sets the CT cut-
off and the period 2 capacity. Third, period 1 patients 
are tested, and the CT value or diagnosis is shared 
with the physician. Fourth, if the laboratory discloses 
the CT value from the test, the physician determines 
(based on the physician’s own CT cutoff) whether the 
patient is positive, whereas if the laboratory only 
shares the diagnosis and not the CT value, the physi-
cian follows the laboratory’s diagnosis. Fifth, patients 
who test positive are quarantined. At the beginning of 
period 2, the demand for testing is realized based on 
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contact-tracing intensity and the number of patients 
with symptoms. The laboratory makes CT-value dis-
closure and CT-cutoff decisions. The next two stages 
of period 2 are similar to the third and fourth stages of 
period 1. Finally, patients who test positive are quar-
antined, and payoffs are realized. All players are risk 
neutral. We solve this sequential-move game using 
backward induction.17

At this point, we note that our main model considers 
a specific setting (with a for-profit laboratory and the 
physician caring only about patient welfare) for sim-
plicity. In the real world, some laboratories (e.g., gov-
ernment and university laboratories) may be nonprofit 
organizations that care about patients and the society 
but not revenues. In addition, different stakeholders 
(e.g., physician, care givers, contact tracers, patients, 
etc.) may differ in the extent to which they care about 
the patient and the society. In Section 5.2, we develop 
an alternative model of overdiagnosis (assuming away 
undertesting), in which the laboratory is not con-
cerned about its own profitability. We capture the idea 
that different stakeholders may put different weights 
on the costs imposed on the patient and the society. 
Our analysis suggests the robustness of our overdiag-
nosis result. We summarize the notation that we use in 
Table 1.

4. Analysis
In this section, we analyze our model and generate 
managerial and policy insights. To begin with, in Sec-
tion 4.1, we characterize the laboratory’s decisions with 

regard to its optimal diagnostic threshold and testing 
capacity. In Section 4.2, we show that the results pro-
vide a theory that explains the coexistence of overdiag-
nosis and undertesting. Finally, in Section 4.3, we 
analyze the social planner’s problem of whether to 
require the laboratory to disclose the CT value on their 
test results.

4.1. Diagnostic Threshold and Testing Capacity
First, we characterize the demand for testing in period 
2 (i.e., D2) for a given CT cutoff (i.e., κl) set by the labo-
ratory in period 1 under nondisclosure of the CT value. 
We denote by s1 the mass of patients with symptoms in 
period 1, which is given by φα+ (1 φ)β; all of these 
patients seek testing. However, because initial testing 
capacity is limited (specifically, C1 < s1), only a subset 
of these patients is tested. In total, C1 patients are ran-
domly selected and tested. As a result, among the 
patients who are tested in period 1, the probability that 
a patient is infectious is 

αφ
αφ+(1 φ)β.

For a given CT cutoff κl, the probability that the labo-
ratory classifies a patient as positive (i.e., infectious) is 
given by

Pr(x ↔ κl) ↑
αφ

αφ+ (1 φ)β
G(κl)

+ 1 
αφ

αφ+ (1 φ)β

 !

H(κl) (4) 

↑
αφ(2κl κ

2
l ) + (1 φ)βκ2

l

αφ+ (1 φ)β
, (5) 

Figure 1. Timing 
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and the probability that the laboratory classifies a 
patient as negative is

Pr(x > κl) ↑
αφ

αφ+ (1 φ)β
[1 G(κl)]

+ 1 
αφ

αφ+ (1 φ)β

 !

[1 H(κl)] (6) 

↑
αφ(1 κl)

2
+ (1 φ)β(1 κ2

l )

αφ+ (1 φ)β
: (7) 

Among the patients who are tested in period 1, the 
probability that a patient receives a false-positive diag-
nosis and the probability that a patient receives a false- 
negative diagnosis, as functions of κl, are 

(1 φ)β
αφ+(1 φ)βκ

2
l and 

αφ
αφ+(1 φ)β (1 κl)

2, respectively. As expected, a higher κl 

reduces the probability of a false-negative diagnosis, but 
it increases the probability of a false-positive diagnosis.

Among the C1 patients who are tested in period 1, a 
fraction, 

αφ
αφ+(1 φ)β (2κl κ

2
l ), tests positive, and they are 

actually infectious (true positives). Recall that we nor-
malize the population size to one, so a total of φ�indivi-
duals are infectious at the start of period 1; of them, 
only those who test positive are quarantined, so a mass 
φ 

αφ
αφ+(1 φ)β (2κl κ

2
l )C1 of patients will continue to 

spread the virus. Thus, the mass of infectious patients 
at the beginning of period 2 is

φ2 ↑ φ 
αφ

αφ+ (1 φ)β
(2κl  κ

2
l )C1

 !

R0: (8) 

The fraction α�of these infectious patients is symptom-
atic. In addition, the fraction β�of (1 φ2) individuals 

(who are not infectious with the virus) also shows 
symptoms. Therefore, the mass of patients with symp-
toms in period 2 is

s2 ↑ φ2α+ (1 φ2)β: (9) 

All s2 patients seek testing. Additional demand for test-
ing is generated in period 2 as a result of contact-tracing 
efforts. Close contacts (e.g., family members, friends, 
and colleagues) of patients who tested positive in period 
1 also seek testing. Therefore, the total demand for test-
ing in period 2 is

D2 ↑ s2 + ρC1 ·
αφ(2κl κ

2
l ) + (1 φ)βκ2

l

αφ+ (1 φ)β
, (10) 

where the fraction is the probability that each of the C1 

patients undergoing testing receives a positive diagnosis 
in period 1, and ρ�is the intensity of contact tracing. (In 
reality, additional demand for testing may arise for vul-
nerable groups, such as healthcare workers, teachers, 
and other essential workers, who may be required to 
undergo routine testing. Such additional demand can be 
captured by adding a constant term to (10), and it does 
not change any of our key insights.) We can rearrange 
(10) to separate the effects of contact tracing and the con-
tagious nature of the infection as

D2 ↑ z1(κl) + z2(κl)R0, (11) 

where

z1(κl)¢β+ ρC1 ·
αφ(2κl κ

2
l ) + (1 φ)βκ2

l

αφ+ (1 φ)β
, (12) 

z2(κl)¢ (α β) φ 
αφ

αφ+ (1 φ)β
(2κl κ

2
l )C1

 !

: (13) 

Table 1. Notation

Notation Definition

φ The proportion of individuals who are infectious at the beginning of period 1
φ2 The mass of infectious patients at the beginning of period 2
α The proportion of infectious patients who exhibit disease symptoms
β The proportion of noninfectious individuals who exhibit disease symptoms
x The CT value (x ↓ [0, 1])
G(x) The cumulative distribution function of the value of x for an infectious patient
H(x) The cumulative distribution function of the value of x for a noninfectious patient
κl The laboratory’s CT cutoff
κp The physician’s CT cutoff
cFP The patient’s cost in the event of a false-positive diagnosis
cFN The patient’s cost in the event of a false-negative diagnosis
r0 The laboratory’s revenue from each tested sample
C1 The laboratory’s testing capacity in period 1
C2 The laboratory’s testing capacity in period 2
R0 The infectiousness of the disease, which is uniformly distributed
R0 The upper bound of the range of R0

ρ The intensity of contact tracing
D2 The demand for testing in period 2
s2 The mass of patients with symptoms in period 2
ξ(κ) The patient’s expected costs from false-positive and false-negative diagnoses under a CT cutoff of κ
π(κ, C2) The laboratory’s objective function under a CT cutoff of κ�and a period 2 capacity of C2
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Note that z1(κl) also includes the constant testing 
demand of β�from noninfectious patients who show 
symptoms in addition to diagnosis-induced demand.

Lemma 1. z1(κl) increases in κl, whereas z2(κl) decreases 
in κl.

The appendix contains the proof of Lemma 1 along 
with the proofs of other technical results. Lemma 1 sug-
gests that a higher CT cutoff κl set by the laboratory 
increases the mass of patients who test positive. As a 
consequence, diagnosis-induced demand for testing 
increases. Additionally, a higher CT cutoff κl facilitates 
quarantining of a larger share of infectious patients 
(because true positives also increase), thus dampening 
the spread of the virus and putting a downward force 
on the demand for testing in period 2.

In formulating the laboratory’s objective function, we 
omit its revenue from the first period because it is fixed. 
In period 2 (which is also the terminal period), the labo-
ratory is not concerned about its future demand. There-
fore, the incentives of the laboratory and the physician 
are perfectly aligned in period 2. The laboratory sets a 
CT cutoff of cFN=(cFN + cFP) that minimizes the sum of 
the patient’s expected false-positive and false-negative 
costs (i.e., cFP ·H(κl) + cFN · [1 G(κl)]). Equivalently, in 
period 2, the laboratory reports the CT value on the 
test result. Note that both the CT-cutoff value and the 
patient’s expected cost of erroneous diagnosis from 
the second period are independent of the laboratory’s 
period 1 decisions. For ease of notation, we define

r¢ r0 min
κl

{cFP ·H(κl) + cFN · [1 G(κl)]}: (14) 

Thus, in period 1, the laboratory sets κl and C2 to maxi-
mize its objective function:18

π(κl, C2) ↑ r ·E min{C2, z1(κl) + z2(κl) ·R0}

 γ · (C2
2 C2

1) C1 · {cFP ·H(κl)

+ cFN · [1 G(κl)]}, (15) 

where the first term represents the laboratory’s total 
expected revenue less patients’ expected cost of errone-
ous diagnosis during period 2, the second term is the cost 
of building capacity, and the third term captures patients’ 
expected cost of erroneous diagnosis during period 1.19

At this point, understanding how the laboratory’s 
incentive to set the period 2 capacity C2 depends on the 
period 1 CT cutoff κl is useful. The following proposi-
tion describes the laboratory’s optimal capacity choice 
for an exogenously given κl.

Proposition 1. If the laboratory follows an exogenous κl, 
its optimal capacity choice C↘

2(κl) is

C↘
2(κl) ↑

r[z1(κl) + z2(κl)R0]

r+ 2z2(κl)R0γ
, (16) 

which increases in κl if

ρ ↗
φα(α β)(1 κl)R0

φα(1 κl) + (1 φ)βκl
: (17) 

If the intensity of contact tracing is sufficiently large, 
the laboratory’s period 2 capacity increases in the CT 
cutoff. A larger CT cutoff leads to more patients testing 
positive (including false positives). In the presence of 
a significant contact-tracing effort, a large number of 
positive diagnoses leads to a high diagnosis-driven 
demand for testing in period 2 and incentivizes the lab-
oratory to invest more in period 2 capacity. The effect 
of a larger expected R0 is the opposite. If the virus is 
highly contagious, a high demand for period 2 testing 
is organically generated. In this case, a higher CT cutoff, 
which increases the true-positive rate, imposes a large 
cost on the laboratory in the sense that a larger propor-
tion of infectious patients are quarantined and stop 
contributing toward increasing period 2 demand for 
testing (i.e., they stop spreading the virus). However, if 
the virus is not highly contagious (expected R0 is 
small), the laboratory becomes more motivated to set a 
higher CT cutoff, which boosts contact-tracing demand 
but does not significantly hurt the organic demand for 
testing in period 2. Therefore, the laboratory becomes 
more motivated to invest in building period 2 capacity.

Proposition 1 relies on a sufficient (but not necessary) 
condition that the intensity of contact tracing is suffi-
ciently large. If this sufficient condition is not satisfied, 
the laboratory’s optimal capacity choice may either 
increase or decrease in κl.

Suppose the policymaker requires the laboratory to 
report the CT value in the test result. The following 
lemma describes the physician’s CT cutoff and the 
laboratory’s period 2 capacity decisions in this scenario.

Lemma 2. If the laboratory is mandated to report the CT 
value on the test result, the physician diagnoses the patient 
using a CT cutoff κp ↑ cFN=(cFN + cFP), and the laboratory 
sets its period 2 capacity at

C↘
2(κp) ↑

r[z1(κp) + z2(κp)R0]

r+ 2z2(κp)R0γ
: (18) 

If the CT-value information is available to the physi-
cian, she uses this information to diagnose the patient 
using her own CT cutoff κp, which minimizes the sum 
of the patient’s expected false-positive and false- 
negative costs. Because the physician’s objective func-
tion and costs are common knowledge, both the labo-
ratory and the policymaker can anticipate this κp. The 
laboratory sets its period 2 capacity at C↘

2(κp), as given 
by Equation (18).

Next, suppose the policymaker does not require the 
laboratory to report the CT value on the test result. In 
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this case, the laboratory decides whether to disclose the 
CT value voluntarily or to disclose only the diagnosis 
based on its own CT cutoff. If the laboratory chooses to 
voluntarily report the CT value on the test result, simi-
lar to the case in which the laboratory is mandated to 
report the CT value, the physician sets the CT cutoff κp 

at cFN=(cFN + cFP), and the laboratory sets period 2 test-
ing capacity at C↘

2(κp). The following proposition char-
acterizes the laboratory’s optimal decisions (κ↘l and C↘

2) 
when the laboratory sets its own CT cutoff and reports 
only the test outcome (positive or negative).

Proposition 2. If the laboratory sets its own CT cutoff and 
the physician follows the laboratory’s diagnosis, the labora-
tory’s optimal capacity C↘

2 is

C↘
2 ↑

[z1(κ
↘
l ) + z2(κ

↘
l )R0]r

r+ 2z2(κ↘l )R0γ
, (19) 

where κ↘l satisfies

r

2R0C1

Z

R0[r 2γz1 (κ
↘
l
)]

r+2γR0z2 (κ
↘
l
)

0

[z≃1(κ
↘
l ) + z≃2(κ

↘
l )R0]dR0

↑ cFPκ
↘
l  cFN(1 κ

↘
l ): (20) 

The solution to the laboratory’s problem (κ↘l and C↘
2) 

has implications for the laboratory’s trade-off in choos-
ing its CT cutoff and testing capacity. Note from (20) 
that if κ↘l ↑ κp ↑ cFN=(cFN + cFP), the right-hand side of 
the equation will be equal to zero. However, because 
the term z≃1(κ

↘
l ) + z≃2(κ

↘
l )R0 in the left-hand side of (20) is 

not necessarily equal to zero, the laboratory may not set 
its CT cutoff κ↘l the same as κp. Note that the labora-
tory’s CT cutoff κ↘l is decreasing in γ�and increasing in 
r, ρ, and C1. (See the proof of Proposition 4(ii) in the 
appendix.) The reason is that a higher cost of building 
capacity (γ) reduces the laboratory’s incentive to boost 
its period 2 demand. Therefore, the laboratory sets a 
smaller CT cutoff. Similarly, a higher revenue (r), a 
higher contact-tracing rate (ρ), or a higher period 1 
capacity (C1) increases the laboratory’s incentive to 
boost its period 2 demand. In this case, the laboratory 
raises its CT cutoff. In the following lemma, we specify 
the condition that ensures that the physician follows 
the laboratory’s diagnosis.

Lemma 3. The physician follows the laboratory’s diagnosis 
if

cFN(1 κ
↘
l )

2
+ cFP(κ

↘
l )

2 ↔ min{cFN, cFP}: (21) 

Even though the physician does not know the CT 
value, she knows its distribution, and she can thus use 
the CT cutoff to calculate the expected cost of follow-
ing versus ignoring the laboratory’s diagnosis to each 
patient. She follows the laboratory’s diagnosis if doing 

so results in a lower expected cost of erroneous diag-
nosis for the patient. The laboratory understands that 
the physician may reject its diagnosis if κ↘l is too 
extreme. In the equilibrium, the laboratory’s κ↘l is such 
that the physician follows the laboratory’s diagnosis. 
As shown in the proof of Proposition 3, if cFN ↗ cFP, 
which is often the case for infectious diseases, the con-
dition specified in Lemma 3 is redundant. However, if 
cFN < cFP, it imposes an upper bound on κ↘l . We com-
pare κ↘l and κp in the following subsection and draw 
implications for the laboratory’s capacity decision.

4.2. Overdiagnosis and Undertesting
Having analyzed the laboratory’s optimal diagnostic 
threshold and capacity, we are now ready to generate 
implications with regard to how the laboratory’s deci-
sions compare with the optimal decision from the 
patient’s perspective. We also discuss whether the labo-
ratory has an incentive to report the CT value alongside 
its binary diagnosis.

The following proposition presents a comparison of 
the CT cutoffs κ↘l (which are optimal from the labora-
tory’s perspective) and κp (which are ideal from the 
patient’s perspective). It also compares the labora-
tory’s period 2 testing-capacity decisions correspond-
ing to the CT-cutoff values of κ↘l and κp. Finally, it 
describes the laboratory’s decision on whether to report 
the CT value in the absence of a mandatory reporting 
requirement.

Proposition 3. If ρ ↗ (α β)R0, in the absence of a man-
datory CT-value reporting requirement, in period 1, 

i. if the laboratory sets the optimal CT cutoff, it is higher 
than κp;

ii. if the laboratory sets the optimal CT cutoff, the corre-
sponding period 2 capacity is higher than the capacity under 
a CT cutoff of κp; and

iii. the laboratory prefers to set the CT cutoff itself and 
diagnose the patient rather than report the CT value on the 
test result.

Before providing intuition behind Proposition 3, we 
remark about the condition ρ ↗ (α β)R0. Note from 
footnote 16 that ρ�captures the demand for additional 
testing resulting from a positive diagnosis; the demand 
can come from formal contact-tracing efforts, but more 
importantly, it can come from voluntary testing based 
on an individual’s assessment of his or her contact his-
tory, even in the absence of formal contact tracing. The 
average U.S. household size is 2.5 persons (U.S. Census 
2019), and it has been estimated that an infectious indi-
vidual comes into contact with an average of 3 persons 
outside his or her home (Feehan and Mahmud 2021); 
accordingly, we estimate ρ�at 2:5 → (3+ 1) 1 ↑ 9. In 
the particular case of COVID-19, the Centers for Disease 
Control and Prevention estimated R0 as 2.5, with an 
upper bound of 4.0, and the percentage of infections 
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that are symptomatic (α) was estimated as 60% (Centers 
for Disease Control and Prevention 2020). Thus, we con-
clude that the condition ρ > αR0 > (α β)R0 can be sat-
isfied under fairly reasonable parametric assumptions.

In terminal period 2, the CT cutoff is set at κp, regard-
less of whether the laboratory or the physician sets it. 
The reason is that in period 2, the laboratory is not con-
cerned about generating future demand for testing and 
similar to the physician, acts in the best interest of the 
patient. However, in period 1, the laboratory sets a 
higher CT cutoff than what physicians would consider 
appropriate (i.e., κ↘l > κp). In the proof of Proposition 
3(i), we show that at κ ↑ κ↘l and in the absence of the 
CT-value information, the physician follows the labora-
tory’s diagnosis to recommend isolation to the patient. 
A high CT cutoff helps the laboratory boost diagnosis- 
induced demand while suppressing demand from com-
munity spread. If the laboratory expects a sufficiently 
large number of close contacts of patients who tested 
positive to seek testing, it focuses on future demand cre-
ation by increasing the CT cutoff, thus engaging in 
overdiagnosis. This result and its intuition provide a 
rationale for the observed high CT cutoff that is cur-
rently set by laboratories and challenged by healthcare 
experts (Mandavilli 2020a, b; Rao 2020; Service 2020). It 
also suggests that in the future, we can expect laborato-
ries to either report the CT value on the test result or 
lower the CT-cutoff value when determining whether a 
patient tests positive.

The laboratory sets a higher period 2 testing capacity 
when setting its own period 1 CT cutoff at κ↘l than the 
capacity chosen corresponding to the CT cutoff of κp. 
This result builds on part (i) of the proposition: κ↘l > κp. 
The laboratory sets a higher CT cutoff to boost its future 
demand for testing. Yet, for demand to translate into 
revenue, it must invest in building testing capacity. Put 
differently, an inflated CT cutoff is not entirely a nega-
tive force because it incentivizes the laboratory to 
expand its testing capacity.

Next, we examine patient-welfare implications of 
the laboratory’s decision to diagnose patients using its 
own CT cutoff κ↘l . Recall from Section 3 that the values 
of true-positive and true-negative diagnoses can be 
absorbed into cFN and cFP, respectively. Therefore, 
minimizing ξ(κ), which is the sum of the patient’s 
expected costs from false-positive and false-negative 
diagnoses, is equivalent to maximizing patient wel-
fare. In period 2, the CT cutoff is set at κp, regardless of 
whether the laboratory or the physician set it. There-
fore, the expected welfare of the patient tested in 
period 2 is constant. The following proposition com-
pares patient welfare corresponding to the period 1 
CT cutoffs of κ↘l and κp. In addition, the proposition 
presents how patient welfare (corresponding to the 
laboratory’s period 1 CT cutoff κ↘l ) responds to changes 
in key model parameters γ, r, ρ, and C1.

Proposition 4. If ρ ↗ (α β)R0, 
i. ξ(κ↘l ) > ξ(κp) (equivalently, patient welfare is lower 

when the diagnosis is based on the laboratory’s CT cutoff κ↘l ) 
in period 1, and

ii. patient welfare (corresponding to the laboratory’s period 
1 CT cutoff κ↘l ) is increasing in γ�and decreasing in r, ρ, and 
C1.

The patient welfare is maximized when the CT cut-
off is set at κp ↑ cFN=(cFN + cFP). A CT cutoff that is 
higher than κp results in too many patients testing pos-
itive (a false-positive rate that is higher than what is 
optimal from the patient’s perspective), which drives 
the patient welfare lower. As established in Pro-
position 3(i), in period 1, the laboratory sets κ↘l > κp. 
Therefore, patient welfare is lower when the patient’s 
diagnosis is based on the laboratory’s CT cutoff κ↘l than 
when it is based on the physician’s cutoff κp.

An increase in the laboratory’s cost γ�of adding 
capacity decreases the laboratory’s incentive to boost 
its period 2 demand by inflating the CT cutoff. The lab-
oratory sets a lower κ↘l in response to a higher γ. Note 
that this lower κ↘l is still higher than κp. Because a 
decrease in κ↘l reduces ξ(κ↘l ), if κ↘l > κp, the patient’s 
expected cost is lower. Therefore, the patient welfare 
increases with γ. The main idea behind the intuition is 
the following: if a change in some parameter reduces 
(increases) the laboratory’s incentive to boost its period 2 
demand, inflating the CT cutoff will result in higher 
(lower) welfare of the tested patient. An increase in (1) 
the net revenue from the test (r), (2) the contact-tracing 
rate (ρ), or (3) period 1 capacity (C1) incentivizes the lab-
oratory to further inflate the CT value and results in a 
lower patient surplus.

4.3. Should CT-Value Reporting Be Mandatory?
If the policymaker does not require mandatory CT-value 
reporting, the laboratory is indifferent between reporting 
and not reporting the CT value as part of the test result 
in the terminal period 2. However, Proposition 3 shows 
that in period 1, motivated by its desire to enhance 
period 2 demand, the laboratory finds that not reporting 
the CT value is optimal because the lack of a mandate 
allows the laboratory to inflate the CT cutoff (to a level 
above κp) when determining whether period 1 patients 
test positive.

Given the laboratory’s decision to inflate the period 1 
CT cutoff, healthcare experts’ outcry against the com-
mon practice of not reporting CT values on test results 
begs the critical question of why policymakers do not 
intervene and require the laboratory to disclose CT 
values. The following proposition examines the impli-
cations of a mandatory CT-value reporting require-
ment, and it offers a possible rationale behind the 
policymakers’ lack of intervention despite concerns 
raised by healthcare experts.
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Proposition 5. If ρ ↗ (α β)R0, a mandatory CT-value 
reporting requirement imposed on the laboratory for period 
1 results in 

i. a higher expected utility of the tested patient,
ii. a more widespread infection in the subsequent period, 

and
iii. a lower period 2 testing capacity yet a higher service 

level (which is the likelihood that no testing shortage would 
occur)

than in the absence of a mandatory reporting requirement.

If the reporting of CT value—a proxy for viral load— 
is not mandatory, the laboratory does not report it in 
period 1 and inflates the CT cutoff above what is best 
from an individual patient’s perspective. A require-
ment to report the CT value as part of a test result in 
essence transfers the diagnostic-decision right from the 
laboratory to the physician. The physician, who acts in 
the best interest of the patient, sets the CT cutoff at κp. 
Therefore, as a result of mandatory CT-value reporting 
requirement, the expected benefit to the patient tested 
increases.

One drawback of a mandatory viral-load reporting 
requirement in period 1 is that it leads to more false- 
negative diagnoses, potentially contributing to more 
widespread infection in the subsequent period. 
Although a higher CT cutoff imposes a cost on the 
tested patients, it facilitates quarantining of a larger 
proportion of infectious patients, thereby reducing 
community spread. To the extent that society is will-
ing to bear the costs associated with quarantining a 
large number of individuals who may not be conta-
gious in order to reduce community spread, letting 
the laboratory set a higher CT cutoff may be better 
than requiring viral-load reporting.

Finally, if the laboratory is not mandated to report 
the viral load in period 1, it sets the CT cutoff at κ↘l and 
the period 2 capacity at C↘

2, which is higher than 
C↘

2(κp). (See the related Proposition 3(ii) and its intui-
tion.) Although C↘

2 > C↘
2(κp), it is insufficient to absorb 

the increase in demand resulting from the laboratory’s 
inflated CT cutoff κ↘l . As the laboratory increases its 
CT cutoff, it finds that delivering the same service 
level (by sufficiently increasing its capacity) is increas-
ingly costly. An insufficient increase in the period 2 
capacity essentially increases the likelihood of contin-
ued testing shortages in period 2. Interestingly, over-
diagnosis not only coexists with undertesting but also, 
contributes to its increased likelihood.

5. Extension and Robustness of Results
In this section, we present results from two different 
models. The first model considers a disease prevalence- 
dependent CT cutoff. The second model presents an 
alternative theory of overdiagnosis for a nonprofit labo-
ratory with no capacity constraint.

5.1. Prevalence-Dependent CT Cutoff
In our main analysis, consistent with industry practice 
for setting cutoffs for medical diagnostic tests, we use 
the ROC approach to set the CT cutoff that minimizes 
the sum of the expected costs to the patient of false- 
positive and false-negative diagnoses. The implication 
is that the diagnostic criterion for medical tests is preva-
lence independent. In this section, for theoretical inter-
est, we consider disease prevalence (i.e., the prior 
probability that a tested patient is positive) in determin-
ing the CT cutoff.

In period 1, the physician and the laboratory use their 
knowledge of the model parameters to calculate the 
probability that a tested patient is infectious as 

αφ
αφ+β(1 φ). 

The patient is not infectious with the complementary 
probability. Therefore, the physician’s goal is to set a CT 
cutoff (κp1) that minimizes the patient’s expected cost of 
an erroneous diagnosis:

ξ(κp1) ↑
αφ

αφ+ β(1 φ)
cFN[1 G(κp1)]

+
β(1 φ)

αφ+ β(1 φ)
cFPH(κp1): (22) 

Equivalently, the physician maximizes the patient’s 
expected utility because the benefits of a true-positive 
diagnosis and those of a true-negative diagnosis can be 
absorbed in cFN and cFP, respectively. Solving the first- 
order condition with respect to κp1 gives the physician’s 
period 1 CT cutoff:

κp1 ↑
αφcFN

αφcFN + β(1 φ)cFP
: (23) 

As expected, the CT cutoff now depends on the para-
meters α, β, and φ. In addition, if φ ↑ 0, the cutoff is 
κp1 ↑ 0. Similarly, if α ↑ 0, the cutoff is κp1 ↑ 0.

In period 2, which is also the terminal period, the lab-
oratory has no incentive to increase future demand. 
Therefore, the laboratory and the physician solve the 
same optimization problem to set the CT cutoff. If the 
laboratory does not disclose the CT value in period 1, 
the physician also incorporates information about the 
period 1 CT cutoff (which can be directly observed or 
rationally inferred) to obtain period 2 disease preva-
lence. In addition, when the laboratory does not dis-
close the CT value, the physician uses the period 1 CT 
cutoff to compare the expected costs of following and 
dismissing the laboratory’s diagnosis of the patient. 
The laboratory sets the CT cutoff to ensure that the phy-
sician does not dismiss the laboratory’s test results. 
Note that as specified in (8), the mass of the infectious 
individuals at the beginning of period 2 is φ2. In addi-
tion, as specified in (10), the total demand for testing in 
period 2 is D2. Therefore, the probability that a patient 
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(tested in period 2) is infectious is 
αφ2

D2
. The patient is not 

infectious with probability 1 
αφ2

D2
. Clearly, the physi-

cian accounts for the laboratory’s CT cutoff when deter-
mining the probability that a test patient is positive or 
negative.

In period 2, the physician’s (and the laboratory’s) 
goal is to set a CT cutoff (κp2) that minimizes the 
patient’s expected cost of an erroneous diagnosis:

ξ(κp2) ↑
αφ2

D2

" #

cFN[1 G(κp2)] + 1 
αφ2

D2

" #

cFPH(κp2):

(24) 

The solution of the first-order condition with respect to 
κp2 yields

κp2 ↑

αφ2

D2

$ %

cFN

αφ2

D2

$ %

cFN + 1 
αφ2

D2

$ %

cFP

: (25) 

For ease of exposition, we define

r¢ r0  min
κp2

(

αφ2

D2

" #

cFN[1 G(κp2)]

+ 1 
αφ2

D2

" #

cFPH(κp2)

)

: (26) 

In period 1, the laboratory sets κl and C2 to maximize 
its objective function:

π(κl, C2)

↑E[r ·min{C2, z1(κl) + z2(κl)R0}] γ · (C
2
2 C2

1)

 C1 ·

(

αφ

αφ+ β(1 φ)
cFN[1 G(κl)]

+
β(1 φ)

αφ+ β(1 φ)
cFPH(κl)

)

, (27) 

where the first term represents the laboratory’s total 
expected revenue less patients’ expected cost of errone-
ous diagnosis during period 2, the second term is the 
cost of building capacity, and the third term captures 
patients’ expected cost of erroneous diagnosis during 
period 1. (The rest of the analysis is presented in the 
appendix.)

We find that the laboratory’s period 2 capacity in-
creases in κl and that κl > κp1 when ρ�is sufficiently 
large. (As expected, the threshold depends on φ, α, β, 
R0, cFP, and cFN.) Because C2 is increasing in κl, when 
the laboratory sets the CT cutoff, the corresponding 
period 2 capacity is higher than the capacity corre-
sponding to a CT cutoff of κp1. If the laboratory reports 
the CT value, the physician uses the cutoffs κp1 in 
period 1 and κp2 in period 2 to diagnose the patient. 
In period 2, the laboratory is indifferent between 

reporting and not reporting the CT value. However, 
similar to the main analysis, in period 1, the laboratory 
prefers not to disclose the CT value and to diagnose 
the patient using its own CT cutoff instead of disclos-
ing the CT value to the physician. Because κl > κp1 and 
ξ(κ) is increasing in κ�for all κ > κp1, ξ(κl) > ξ(κp1). Fur-
thermore, we find that the results presented in Propo-
sition 5 hold qualitatively.

5.2. A Nonprofit Laboratory Without 

Capacity Constraint
Motivated by the observation that major diagnostic 
testing laboratories in the United States (e.g., Labcorp, 
Quest Diagnostics, etc.) are publicly traded private 
companies, we assume in the main model that the labo-
ratory is concerned not only with patient utility but 
also, with testing revenue. However, some laboratories 
(e.g., government and university laboratories) may not 
be concerned with test revenue. In this section, we look 
at a scenario in which a laboratory is concerned with 
the patient and society but not with its own profitabil-
ity. Furthermore, to focus on noncapacity-based incen-
tives, we assume that the laboratory’s fixed capacity is 
sufficient to meet testing demand. Although acknowl-
edging the possibility of undertesting during high 
demand periods, this model will focus on the issue 
of overdiagnosis. Finally, unlike in the main model, 
where we assumed that the policymaker does not inter-
fere with medical practice (as is the case in the United 
States), we allow the policymaker to do so in this sec-
tion by specifying a CT cutoff.

Now, we describe specifics of the model. The cost of 
false-positive diagnosis cFP is composed of two parts: 
cFP ↑ cP

FP + cS
FP, where cP

FP is the cost imposed on the 
patient and cS

FP is the cost imposed on society. Similarly, 
the cost of false-negative diagnosis cFN ↑ cP

FN + cS
FN, 

where cP
FN and cS

FN are costs imposed on the patient and 
society, respectively. The laboratory, the physician, and 
the patient may all place different weights (w) on the 
cost imposed on the patient. (They put a weight 1 w 
on the cost imposed on society.) For example, the 
patient may worry only about costs imposed on her, 
the physician may primarily care about the patient, and 
the laboratory may worry about society to a larger 
extent. The laboratory has no capacity constraint; there-
fore, all of the patients seeking testing get tested. The 
laboratory or the physician has no profit motives. We 
can write the sum of the weighted expected cost of 
false-negative and false-positive diagnoses by

ξ(κ) ↑ [1 G(κ)][w cP
FN + (1 w)cS

FN]

+H(κ)[w cP
FP + (1 w)cS

FP]: (28) 

The policymaker cares about reducing the number of 
infections in period 2 in addition to lowering the cost 
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imposed by incorrect diagnosis. The policymaker mini-
mizes

π≃G ↑ φR0[1 α(2κ κ
2)] + ξ(κ), (29) 

where the first term captures the mass of infectious 
patients at the start of period 2 given that the laboratory 
faces no capacity limitation and the second term cap-
tures the cost of erroneous diagnosis. The policymaker 
moves first, setting the CT cutoff (κG) and deciding 
whether to mandate CT-value reporting. The labora-
tory follows the CT cutoff (κG) to diagnose patients and 
reports the CT value as mandated by the policymaker. 
If CT-value reporting is not mandated by the policy-
maker, the laboratory decides whether to report the CT 
value voluntarily. If the laboratory reports the CT 
value, the physician ignores the laboratory’s diagnosis 
and uses her own CT cutoff (κP) to diagnose the patient. 
However, if the laboratory does not report the CT 
value, the physician follows the laboratory’s diagnosis. 
Other assumptions are the same as in the main model. 
The following proposition presents period 1 and period 
2 CT-cutoff decisions.

Proposition 6. If the laboratory faces no capacity con-
straint and cares only about the costs that erroneous diag-
noses impose on the patient and society, 

i. in period 2, the laboratory, the physician, and the pol-
icymaker prefers to set the CT cutoff

κ2 ↑
w cP

FN + (1 w)cS
FN

w(cP
FN + cP

FP) + (1 w)(cS
FN + cS

FP)
, (30) 

which is decreasing in w for

cS
FN cP

FP > cS
FP cP

FN; and 

ii. if the policymaker can mandate a CT cutoff, in period 
1, the policymaker mandates a CT cutoff

κG ↑
φR0α + w cP

FN + (1 w)cS
FN

φR0α + w(cP
FN + cP

FP) + (1 w)(cS
FN + cS

FP)
, (31) 

which is greater than κ2.

In the terminal period 2, similar to the laboratory 
and the physician, the policymaker is also concerned 
only about minimizing ξ(κ): Therefore, all three prefer 
to use the same CT cutoff κ2. The condition that 
ensures κ2 is decreasing in w is intuitive. A lower CT 
cutoff would result in lower false-positive and higher 
false-negative rates. Therefore, a player who cares 
more about the patient would set a lower CT cutoff if a 
false-positive diagnosis imposes a large cost on the 
patient but a relatively smaller cost on society, whereas 
a false-negative diagnosis imposes a large cost on soci-
ety relative to the cost it imposes on the individual. As 
expected, we observe that physicians, who primarily 

care about patients, advocate for smaller CT cutoffs 
compared with laboratories and policymakers, who 
care about society as well.

The CT cutoff is higher when it is set by the policy-
maker. The reason is that the policymaker is concerned 
not only with the cost associated with diagnoses but 
also, with the spread of the disease. The policymaker 
does not mandate CT-value reporting. The CT value 
allows the physician (and other stakeholders who are 
primarily concerned with the patient) to disregard the 
κG-based diagnosis and instead, use their own CT cut-
off to arrive at a potentially different diagnosis. The 
ability of the physician to determine the patient’s diag-
nosis interferes with the policymaker’s goal of reducing 
disease spread in the population. Therefore, the policy-
maker does not require CT-value reporting. The labora-
tory does not voluntarily report CT values because the 
laboratory is more concerned with society than the 
physician, who is primarily concerned with her patient. 
If the laboratory reports a CT value, the physician will 
disregard the laboratory’s diagnosis and use a CT cut-
off that is lower than both the policymaker’s desired 
cutoff and the laboratory’s desired cutoff to diagnose 
the patient. As a result, the laboratory does not report 
CT values in the first period. In the second period, how-
ever, the policymaker either lowers the CT cutoff or 
mandates CT-value reporting. In the absence of such a 
policymaker’s action, the laboratory may choose to vol-
untarily report the CT value on the test result.

6. Concluding Remarks
The main contribution of this paper is to shed light on 
the interaction between diagnostic decision making 
and capacity building when diagnoses have implica-
tions for future market demand for testing. When the 
laboratory provides diagnoses unaccompanied by fine- 
grained viral-load information, positive diagnoses with 
nearly nonexistent viral loads (i.e., “overdiagnosis”) 
may trigger contact-tracing efforts and hence, boost 
market demand for testing. At the same time, such posi-
tive diagnoses lead to the quarantining of potentially 
infectious individuals on a wider scale, and thus, 
they help decelerate disease transmission and dampen 
future organic demand for testing. By analyzing this 
trade-off, we find that scenarios exist in which the labo-
ratory has an incentive to engage in overdiagnosis to 
generate higher diagnosis-driven future demand. Over-
diagnosis leads to a higher testing capacity, which is 
nevertheless insufficient to absorb the inflated demand, 
so undertesting arises along with overdiagnosis.

Beyond this insight related to public health supply 
chains, our model has implications for a policymaker’s 
decision regarding whether to require laboratories to 
disclose viral loads on their test results. When the lab-
oratory is mandated to disclose the viral-load 
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information, it essentially forfeits its decision rights—in 
terms of the interpretation of the viral load, which may 
trigger subsequent interventions that shape future demand 
for testing—to physicians and other stakeholders. We 
show that although the concept of information disclosure 
is broadly appealing, when the policymaker intends to 
induce the laboratory to build a high testing capacity and 
reduce viral transmission, not mandating such disclosure 
may be in the best interest of the policymaker. Although 
the laboratory and the policymaker have divergent objec-
tives, a CT cutoff that is higher than what is ideal for an 
individual patient is desirable to both.

In sum, we have developed a theoretical model that 
sheds light on two important issues (overdiagnosis 
and undertesting) exposed by the pandemic. By incor-
porating and connecting two key aspects of diagnostic 
testing for an infectious disease, namely, diagnostic 
threshold and testing capacity, we contribute to the 
recent debates about viral-load reporting (Mandavilli 
2020b) and provide novel policy insights for future 
epidemics or pandemics. Our research calls for further 
analyses with additional considerations (e.g., the com-
petition between multiple laboratories) and empirical 
investigations.

Our theory does not capture all the forces driving 
a laboratory’s CT cutoff and capacity decisions. For 
example, a laboratory may set a high CT cutoff if it is 
concerned about potential liability arising from a false- 
negative diagnosis. The laboratory may also set a con-
servative high CT cutoff if viral loads in tested patients 
are expected to increase. There may be several other 
plausible reasons for a lack of CT reporting. For exam-
ple, CT reporting may eliminate confusion in some 
cases and create confusion in others. Thus, the lack of 
CT reporting may be out of a desire to avoid confusion. 
Another reason may be that different entities may 
choose different cutoffs and diagnose the patient dif-
ferently if CT values are made available.

Our work has several limitations that represent prom-
ising areas for future research. First, in practice, unethi-
cal behavior can result from organizational incentives, 
which can dilute an individual manager’s moral respon-
sibility. Note that our model does not explicitly distin-
guish between organizational incentives and individual 
morality. Thus, the laboratory’s decision to choose a 
high CT cutoff should not be interpreted as widespread 
immorality or unethical behavior among laboratory 
managers. Examining the interaction between organiza-
tional and individual incentives is a promising area 
for future research. Organizational incentives for over-
diagnosis and undertesting may be either mitigated or 
reinforced by individual incentives, depending on the 
compensation structure of laboratory managers. Second, 
our model is agnostic about the source of the contact- 
tracing demand, and we do not consider the interaction 

between organic (i.e., from community spread) and 
induced (i.e., from contact tracing) demand, which 
constitutes another venue for future investigation. For 
example, one can argue that wider community spread 
can make contact tracing difficult and thus, reduce the 
intensity of contact tracing. Third, in accordance with 
standard practice, we assume that the price of testing 
is exogenous. Future research may involve relaxing 
this assumption and examining its impact on the 
laboratory’s testing threshold and capacity decisions. 
The laboratory could conceivably increase its service 
fee to dampen demand and thus, reduce the need to 
inflate the diagnostic criterion. Finally, pending data 
availability, our theoretical investigation offers oppor-
tunities for empirical testing to determine whether 
heterogeneous laboratories behave differently in ways 
that are consistent with our predictions.
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Appendix. Technical Proofs

Proof of Lemma 1. First, the first-order derivative of z1(κl)

is

z≃1(κl) ↑ 2ρ ·C1 ·
αφ(1 κl) + (1 φ)βκl

αφ+ (1 φ)β
> 0: (A.1) 

Thus, z1(κl) increases in κl. Second, the first-order derivative 
of z2(κl) is

z≃2(κl) ↑ 2(α β) ·C1 · (1 κl) ·
αφ

αφ+ (1 φ)β
< 0: (A.2) 

Thus, z2(κl) decreases in κl. w

Proof of Proposition 1. Given κl, the first-order derivative 
of the laboratory’s objective function with respect to C2 can be 
reorganized, by Leibniz’s rule, as

ωπ(κl, C2)

ωC2
↑ r ·

ωE min{C2, z1(κl) + z2(κl) ·R0}

ωC2
 2γC2 (A.3) 
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↑ r ·

ω

(

R

C2 z1 (κl )

z2 (κl))

0 [z1(κl) + z2(κl) ·R0]dF(R0)

+
R R0

C2 z1 (κl)

z2 (κl ))

C2dF(R0)

)

ωC2
 2γC2

(A.4) 

↑ r ·
C2

z2(κl)
 

C2

z2(κl)
+ 1 F

C2  z1(κl)

z2(κl)

" # !

 2γC2

(A.5) 

↑ r · 1 F
C2  z1(κl)

z2(κl)

" # !

 2γC2: (A.6) 

Using the first-order condition gives

F
C2  z1(κl)

z2(κl)

" #

↑ 1 
2γC2

r
at C2 ↑ C↘

2(κl): (A.7) 

In addition, we can verify that the second-order condition is 
satisfied:

ω
2π(κl, C2)

ωC2
2

↑  
r

z2(κl)
f

C2  z1(κl)

z2(κl)

" #

 2γ < 0, (A.8) 

where f (·) is the probability density function of R0. Thus, the 
laboratory’s objective function is concave in C2. Then, using 
the assumption that R0 follows a uniform distribution, the 
first-order condition simplifies to (16).

We have from (16) that C↘
2(κl) increases in κl if z1(κl) +R0 ·

z2(κl) increases in κl. The first-order derivative of z1(κl) +R0 ·

z2(κl) is

z≃1(κl) +R0 · z
≃
2(κl) ↑

2C1

β+ (α β)φ
· {{φα[(α β)R0  ρ]

+ (1 φ)βρ}κl  φα[(α β)R0  ρ]}:

(A.9) 

The derivative z≃1(κl) +R0 · z
≃
2(κl) ↗ 0 if and only if

{φα[(α β)R0  ρ] + (1 φ)βρ}κl  φα[(α β)R0  ρ] ↗ 0,

(A.10) 

which gives

ρ ↗
φα(α β)R0(1 κl)

φα(1 κl) + (1 φ)βκl
(A.11) 

and completes the proof. w

Proof of Lemma 2. In this case, the laboratory discloses 
the CT value on the test result, and the physician uses the 
CT-value information to diagnose the patient using her own 
CT cutoff. The physician chooses a CT cutoff of κp that mini-
mizes ξ(κp) as given in (2). Therefore, the physician sets 
κp ↑ cFN=(cFN + cFP). Substituting κl ↑ κp in (16) gives (18). w

Proof of Proposition 2. Equation (A.1) follows from Propo-
sition 1. To prove (20), note that the first-order partial deriva-
tive of the laboratory’s objective function (15) in terms of κl is

r ·
ωE min{C2, z1(κl) + z2(κl) ·R0}

ωκl

 C1 · cFP · (2κl) + cFN · [ 2(1 κl)]{ }: (A.12) 

Using the Leibniz integral rule, we have

ωE min{C2, z1(κl) + z2(κl) · R0}

ωκl
(A.13) 

↑

ω
R

C2 z1 (κl)

z2 (κl ))

0 [z1(κl) + z2(κl) · R0]dF(R0) +
R R0

C2 z1 (κl )

z2 (κl ))

C2dF(R0)

( )

ωκl

(A.14) 

↑ C2 ·
ω

C2 z1(κl)
z2(κl))

ωκl
 C2 ·

ω
C2 z1(κl)

z2(κl))

ωκl

+

Z

C2 z1 (κl)

z2 (κl ))

0

[z≃1(κl) + z≃2(κl)R0]dF(R0) (A.15) 

↑
Z

C2 z1 (κl )

z2 (κl ))

0

[z≃1(κl) + z≃2(κl)R0]dF(R0): (A.16) 

The first-order condition, along with (A.1), gives (20). w

Proof of Lemma 3. If the physician follows the laboratory 
diagnosis, the patient’s expected cost is

ξ(κ↘l ) ↑ cFN(1 κ
↘
l )

2 + cFP(κ
↘
l )

2: (A.17) 

However, if the physician discards the laboratory’s diagnosis 
(and recommends quarantine or no quarantine), the patient’s 
expected cost is min{cFN, cFP}. Thus, the laboratory will not 
set a CT cutoff κ↘l such that the physician ignores the labora-
tory’s diagnosis. Equivalently,

cFN(1 κ
↘
l )

2 + cFP(κ
↘
l )

2 ↔ min{cFN, cFP}, (A.18) 

which completes the proof. w

Proof of Proposition 3. To prove Proposition 3, first, we 
establish the following claim.

Claim A.1. If ρ ↗ (α β)R0, z≃1(κl) + z≃2(κl)R0 ↗ 0, and C↘
2(κl)

increases in κl for 0 < κl < 1.
From the proof of Proposition 1, we have that z≃1(κl) +

z≃2(κl)R0 ↗ 0 if and only if

ρ ↗
φα(α β)R0(1 κl)

φα(1 κl) + (1 φ)βκl
: (A.19) 

In addition,

φα(α β)R0(1 κl)

φα(1 κl) + (1 φ)βκl
↔ (α β)R0 for all 0 ↔ κl ↔ 1:

(A.20) 

Therefore, z≃1(κl) + z≃2(κl)R0 ↗ 0, if ρ ↗ (α β)R0.
Next, note from Proposition 1 that

C↘
2(κl) ↑

r[z1(κl) + z2(κl)R0]

r + 2z2(κl)R0γ
: (A.21) 

Under ρ ↗ (α β)R0, z≃1(κl) + z≃2(κl)R0 > 0, so the numerator 
of the right-hand side of Equation (A.21) increases in κl. In 
addition, we know from Lemma 1 that its denominator 
always decreases in κl. Thus, if ρ ↗ (α β)R0, C↘

2(κl) increases 
in κl. Having established Claim A.1, we now proceed to 
prove Proposition 3. 
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i. From Lemma 1, z≃2(κl) < 0. Thus, for any realization of 
R0 ↓ [0, R0), we have from Claim A.1 that

z≃1(κl) + z≃2(κl)R0 > z≃1(κl) + z≃2(κl)R0 > 0 (A.22) 

if ρ ↗ (α β)R0. Hence, the left-hand side of Equation (20) 
must be strictly positive. Then, Equation (20) gives

cFP · κ
↘
l  cFN · (1 κ↘l ) > 0: (A.23) 

By contrast, κp satisfies

cFP · κp  cFN · (1 κp) ↑ 0: (A.24) 

Because cFP ·H(κl) + cFN · [1 G(κl)] increases in κl, compar-
ing Equations (A.23) and (A.24) gives κ↘l > κp.

The laboratory’s CT cutoff κ↘l also satisfies (21), which 
imposes bounds on the value of κ↘l , to ensure the physician 
follows the laboratory’s diagnosis in the absence of CT-value 
information. Note that the lower bound of κ↘l as specified by 
(21) is smaller than κp. This lower bound is redundant 
because we have established that κ↘l > κp. Next, we examine 
the upper bound of κ↘l . The laboratory will choose a CT cutoff 
κ↘l that is below some κ l such that the physician will not dis-
miss its binary diagnosis.

Note from Figure A.1(b) that if cFN < cFP, κ l < 1: The physi-
cian will follow the laboratory’s diagnosis for all κ↘l satisfying 
κp < κ

↘
l < κ l. The physician will be indifferent at κ↘l ↑ κl. For 

most infectious diseases, cFN ↗ cFP; that is, the cost of a false- 
negative diagnosis is higher than that of a false-positive diag-
nosis. If cFN ↗ cFP, κl ↑ 1 (see Figure A.1(a)). In other words, a 
physician would follow the laboratory’s diagnosis for all κp <

κ↘l < 1 and be indifferent between following and not follow-
ing the laboratory’s diagnosis if κ↘l ↑ 1.

Therefore, if the laboratory sets the CT cutoff, it is higher 
than κp.

ii. From Proposition 1 and Claim A.1, 
ωC↘

2(κl)

ωκl
> 0 for ρ ↗

(α β)R0. In addition, from part (i), κ↘l > κp. Therefore, C↘
2 ↑

C↘
2(κ

↘
l ) > C↘

2(κp).

iii. If the laboratory sets its own CT cutoff and testing 
capacity, the value of its objective function is π(κ↘l , C↘

2(κ
↘
l )). 

However, if the laboratory reports the viral load (CT value) 
on the test result, the physician sets the CT cutoff at κp. In 
this case, the laboratory sets capacity at C↘

2(κp). Because the 
laboratory’s objective function π(κl, C2) given in Equation 
(15) is maximized at κ↘l and C↘

2(κ
↘
l ), it must be that π(κ↘l , 

C↘
2(κ

↘
l )) > π(κp, C↘

2(κp)). Therefore, the laboratory prefers set-
ting κl itself and diagnosing the patient to reporting the CT 
value on the test result.

Proof of Proposition 4.

i. Substituting the expressions of G(κp) and H(κp) in (2) 
gives

ξ(κp) ↑ cFN(1 κ
2
p) + cFPκ

2
p:

It is straightforward that ξ(κp) is minimized at κp ↑ cFN

cFN+cFP
. 

The total expected cost ξ(κp) at this cutoff is cFNcFP(cFP+3cFN)

(cFN+cFP)
2 . 

Equivalently, the patient welfare is maximized at κp ↑ cFN

cFN+cFP
. 

From Proposition 3(i), in period 1, the laboratory sets κ↘l > κp. 

Because ωξ(κ)
ωκ > 0 for κ > κp, ξ(κ↘l ) > ξ(κp). Equivalently, patient 

welfare is lower when the patient is diagnosed using a CT cut-
off of κ↘l than when using a CT cutoff of κp.

ii. First, we establish how κ↘l responds to changes in para-
meters γ, r, ρ, and C1. For ease of presentation, denote the inte-
grand r

2R0C1
(z≃1(κl) + z≃2(κl)R0) on the left-hand side of (20) by 

I(R0) and the upper bound R0[r+2γ(C1 z1(κl))]

r+2γR0z2(κl)
by b. Substituting 

Figure A.1. (Color online) Illustration of the Effective Range of the Laboratory’s Choice of κl 

(a) (b)

Notes. (a) The case in which cFN ↗ cFP. (b) The case in which cFN < cFP.
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z1(κl) and z2(κl) from (12) and (13) and simplifying give

I(R0) ↑
r

R0

αφ(1 κl)[ρ (α β)R0] + ρ(1 φ)βκl

αφ+ (1 φ)β

" #

:

(A.25) 

An examination of the partial derivatives of I(R0) in Equation 
(A.25) with respect to parameters r, γ, ρ, and C1 gives 
ωI(R0)
ωr > 0, ωI(R0)

ωγ ↑ 0, ωI(R0)
ωρ > 0, and ωI(R0)

ωC1
↑ 0. Similarly, the partial 

derivatives of the upper bound b give ωb
ωr > 0, ωb

ωγ < 0, ωb
ωρ > 0, and 

ωb
ωC1

> 0. 
• ωI(R0)

ωr > 0 and ωb
ωr > 0 mean the left-hand side of (20) is 

increasing in r. In addition, the right-hand side of (20) is inde-
pendent of r and increasing in κ↘l , which gives 

ωκ↘
l

ωr > 0.
• ωI(R0)

ωγ ↑ 0 and ωb
ωγ < 0 mean the left-hand side of (20) is 

decreasing in γ, which gives 
ωκ↘

l

ωγ < 0.
• ωI(R0)

ωρ > 0 and ωb
ωρ > 0 mean the left-hand side of (20) is 

increasing in ρ, which gives 
ωκ↘

l

ωρ > 0.
• ωI(R0)

ωC1
↑ 0 and ωb

ωC1
> 0 mean the left-hand side of (20) is 

increasing in C1, which gives 
ωκ↘

l

ωC1
> 0.

From part (i) of the proposition, a higher κ↘l results in lower 
patient welfare. Therefore, patient welfare (corresponding to 
the laboratory’s period 1 CT cutoff κ↘l ) is increasing in γ�and 
decreasing in r, ρ, and C1. w

Proof of Proposition 5. In the case in which viral-load 
reporting is mandatory, the laboratory reports the CT value 
as part of the test result, and the physician sets the CT cutoff 
at κp (in both periods 1 and 2). In this case, the laboratory 
sets period 2 capacity at C↘

2(κp). However, in the absence of 
such mandatory reporting requirements, the laboratory sets 
the period 1 CT cutoff at κ↘l and period 2 capacity at C↘

2(κ
↘
l ). 

Because period 2 is the terminal period, the period 2 CT cut-
off is set at κp regardless of whether the laboratory or the 
physician sets it. Therefore, the comparison of mandatory 
and voluntary viral-load reporting is equivalent to the com-
parison of (1) period 1 CT cutoff κp and period 2 capacity 
C↘

2(κp) and (2) period 1 CT cutoff κ↘l and period 2 capacity 
C↘

2(κ
↘
l ), respectively. 

i. Because the patient’s expected cost from erroneous diag-
nosis, as defined in (2), is minimized (equivalently, patient 
utility is maximized) at κ ↑ κp, it is straightforward that a 
mandatory CT-value reporting requirement results in a higher 
expected utility of the tested patient than in the absence of a 
mandatory reporting requirement.

ii. The mass of newly infectious patients at the beginning of 
period 2 depends on the period 1 CT cutoff (κ) and is given by 
φ2(κ) ↑

&

φ 
αφ

αφ+(1 φ)β (2κ κ
2)C1

’

R0. Note that 
ωφ2

ωκ < 0 (i.e., a 

higher CT cutoff results in fewer infections). κ↘l > κp gives 
φ2(κ

↘
l ) < φ2(κp). That is, a mandatory viral-load reporting re-

quirement results in a more widespread infection in the subse-
quent period.

iii. Finally, note that under a CT cutoff of κl, the labora-
tory’s optimal service level is

Pr(z1(κl) + z2(κl)R0 ↔ C2) ↑ F
C2  z1(κl)

z2(κl))

" #

, (A.26) 

Which according to the proof of Proposition 1, is equal to

1 
2γ[C↘

2(κl) C1]

r
: (A.27) 

Because ρ ↗ (α β)R0(1+
2γC1

r ), we have from Claim A.1 that 
C↘

2(κl) increases in κl. In addition, κ↘l > κp. Therefore, C↘
2(κ

↘
l ) >

C↘
2(κp), and the service level is lower, corresponding to a CT 

cutoff of κ↘l rather than κp. w

A.1. Prevalence-Dependent CT Cutoff (Section 5.1)

In period 1, the laboratory sets κl and C2 to maximize its 
objective function in (27). The first term of the right-hand side 
of (27) is

E[r min{C2, z1(κl) + z2(κl)R0}]

↑
Z

C2 z1 (κl )

z2 (κl))

0

r[z1(κl) + z2(κl)R0]dF(R0) +

Z R0

C2 z1 (κl )

z2 (κl ))

rC2dF(R0):

In this equation, r, as defined by (26), depends on κl (because 
both D2 ↑ z1(κl) + z2(κl)R0 and φ2 ↑ {φ αφ(2κl κ

2
l )C1=[αφ�

+(1 φ)β]}R0 depend on κl); thus, the laboratory’s period 1 
problem (without any additional assumptions) is analytically 
intractable.

We solve the laboratory’s problem with two different 
approaches.

In our first approach, we make the simplifying assumption 
that r is an exogenous variable. This assumption can be consid-
ered reasonable if r0 is much larger than cFNcFP

(
(((((

cFN
⇐

+
(((((

cFP
⇐

)2
, which is 

the maximum magnitude of the second term in the right-hand 
side of Equation (26). For example, consider the scenario where 
r0 ↑ 2, cFN ↑ 1, and cFP ↑ 0:2. In this case, cFNcFP

(
(((((

cFN
⇐

+
(((((

cFP
⇐

)2
↑ 0:095, a 

value considerably smaller than r0. This condition is more 
likely to be satisfied if there is a larger difference between the 
values of cFN and cFP. Under this condition, the first-order par-
tial derivative of the laboratory’s objective function (27) with 
respect to κl is

ωE[r min{C2, z1(κl) + z2(κl) ·R0}]

ωκl

 C1 ·

(

cFP ·
β(1 φ)

αφ+ β(1 φ)
· (2κl)

+ cFN ·
αφ

αφ+ β(1 φ)
· [ 2(1 κl)]

)

: (A.28) 

We can solve the laboratory’s period 1 problem analytically 
and obtain the following solution.

Proposition A.1. If the laboratory sets its own CT cutoff and the 
physician follows the laboratory’s diagnosis, the laboratory’s opti-
mal capacity C↘

2 is

C↘
2 ↑

[z1(κ
↘
l ) + z2(κ

↘
l )R0]r

r+ 2z2(κ
↘
l )R0γ

, 

where κ↘l satisfies

r

2R0C1

Z

R0 [r 2γz1 (κ
↘
l
)]

r+2γR0z2 (κ
↘
l
)

0

[z≃1(κ
↘
l ) + z≃2(κ

↘
l )R0]dR0

↑ cFP ·
β(1 φ)

αφ+ β(1 φ)
· κ↘l  cFN ·

αφ

αφ+ β(1 φ)
· (1 κ↘l ):

Using the modified proposition, we can show that all of 
our main results hold qualitatively. Because the proofs are 
similar to those for Propositions 1–5, we will not repeat them 
here.
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In the second approach, we solve the laboratory’s problem 
numerically. Consistent with our main results, we find that the 
laboratory’s period 2 capacity increases in κl and that κl > κp1 

when ρ�is sufficiently large. (As expected, the threshold 
depends on φ, α, β, R0, cFP, and cFN.) Here is an illustrative 
example with the following parameter values: r0 ↑ 3,γ ↑ 3:5, 
α ↑ 0:6,β ↑ 0:2,φ ↑ 0:15, C1 ↑ 0:15,ρ ↑ 2, cFP ↑ 0:5, and R0 ↑ 3. 
We vary cFN from 0.5 to 2.0 in steps of 0.01. Figure A.2 shows 
κl > κp1 in the parameter space that satisfies the condition on 
ρ. Because C2 is increasing in κl, when the laboratory sets the 
CT cutoff, the corresponding period 2 capacity is higher than 
the capacity corresponding to a CT cutoff of κp1.

In the case in which the laboratory reports the CT value, the 
physician uses the cutoffs κp1 in period 1 and κp2 in period 2 to 
diagnose the patient. In period 2, the laboratory is indifferent 
between reporting and not reporting the CT value. However, 
similar to our main analysis, we find that in period 1, the labo-
ratory prefers not to disclose the CT value and to diagnose the 
patient using its own CT cutoff rather than disclosing the CT 
value to the physician.

Because κl > κp1 and ξ(κ) is increasing in κ�for all κ > κp1, 
ξ(κl) > ξ(κp1). Furthermore, we find that the results presented 
in Proposition 5 hold qualitatively.

Proof of Proposition 6.

i. Substituting the expressions of G(κ) and H(κ) in Equa-
tion (28), we get

ξ(κ) ↑ [1 κ2][w cP
FN + (1 w)cS

FN]

+ κ2[w cP
FP + (1 w)cS

FP]: (A.29) 

In period 2, which is the terminal period, the policymaker 
does not need to worry about the disease spread anymore. 
Therefore, incentives of all the players are aligned; in period 
2, they prefer to set a threshold κ ↑ κ2 that minimizes ξ(κ)
given in Equation (A.29). Solving the first-order condition 
with respect to κ�gives Equation (30). The second-order 

derivative is positive, which confirms that ξ(κ) is minimized 
at κ ↑ κ2. It is straightforward to show ωκ2

ωw < 0 if

cS
FN cP

FP > cS
FP cP

FN:

ii. In period 1, the policymaker sets a CT cutoff κG that 
minimizes (29). Solving the first-order condition with respect 
to κ�gives Equation (31). The second-order condition is satis-
fied. It is straightforward that κG > κ2: w

Endnotes
1 The concept of overdiagnosis has been widely used in medicine. In 
the context of cancer, Esserman et al. (2013) define overdiagnosis as a 
scenario “when tumors are detected that, if left unattended, would 
not become clinically apparent or cause death.” Welch et al. (2011) 
use the analogy of a turtle to illustrate that certain cancers progress so 
slowly that they are unlikely to have meaningful health impacts dur-
ing one’s lifetime. More broadly, Brodersen et al. (2018) define over-
diagnosis as “making people patients unnecessarily, by identifying 
problems that were never going to cause harm or by medicalising 
ordinary life experiences through.” Our use of the concept is aligned 
with the medical literature while incorporating the infection risk that 
a patient poses to others. Note that “overdiagnosis” differs from 
“overtesting.” The latter refers to overutilization of diagnostic testing 
(Dai et al. 2017, Brodersen et al. 2018).
2 We focus on the PCR test throughout the paper. In practice, a num-
ber of “rapid tests,” such as the BinaxNOW test developed by Abbott 
Laboratories, have been used in various situations. However, experts 
have expressed concerns about their relatively low sensitivity and 
high false-negative rates (Madrigal and Meyer 2020). Another reason 
we focus on the PCR test is that it is a standard diagnostic tool for 
many infectious diseases, including Ebola, Human Immunodefi-
ciency Virus (HIV), Severe Acute Respiratory Syndrome (SARS), and 
tuberculosis (Salis 2009), meaning that our model has broader impli-
cations for future epidemics or pandemics.
3 Some of the largest COVID-19 testing laboratories, such as Laboratory 
Corporation of America Holdings (Labcorp) and Quest Diagnostics 
Inc., are also PCR test manufacturers themselves; see https://bit.ly/ 
commericalcovidtests for a list of commercially available COVID-19 
diagnostic tests. Consistent with this observation, our main model does 
not separately model a laboratory and a manufacturer for the test.
4 The literature has documented that determining the optimal CT cut-
off is an important decision for diagnostic laboratories performing 
PCR tests for various diseases. For example, Caraguel et al. (2011) 
state, “Diagnostic laboratories frequently select a subjective cutoff 
value for real-time amplification assays, above which a threshold 
cycle (Ct) value is deemed false.”
5 Another related stream of literature (e.g., Gal-Or et al. 2007, Guo 
2020, Sun and Tyagi 2020) studies information disclosure incentives 
in the context of distribution channels.
6 Similar to Chen et al. (2022), we consider a two-period, discrete- 
time setting for tractability.
7 In practice, some individuals (e.g., with a mass of λ) may have a 
low viral load in period 1 but become infectious during period 2. In 
this case, the mass of infections in period 2 will be increased by λ. 
Because such an increase does not change our main insights, we 
assume λ ↑ 0 throughout the paper.
8 Most COVID-19 diagnostic laboratories (e.g., Labcorp and Quest 
Diagnostics) in the United States use their own PCR tests; our model 
is consistent with this practice. Our key findings carry over qualita-
tively to an extension in which the PCR test manufacturer and the 
laboratory are two separate players.
9 Although a cycle number is, by definition, an integer, a patient’s CT 
value can be fractional because it measures the number of cycles at 

Figure A.2. (Color online) Comparison of κ↘l and κp1 for Dif-
ferent Values of cFN Under an Alternative Method for Deter-
mining Diagnostic Cutoffs 
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which the fluorescence passes the threshold, so it can be between two 
cycles. For example, according to a New York Times story (Grynbaum 
2020) published on October 14, 2020, “Mr. Trump’s P.C.R. test had a 
cycle threshold—a proxy for viral load—of 34.3, Dr. [Anthony] Fauci 
said.” The CT value led Dr. Fauci to conclude, “We can say with a 
high degree of confidence that he is not transmissible.”
10 We define a true-positive condition as one in which the patient has 
a meaningful viral load such that further treatment and contact- 
tracing efforts are necessary. A true-negative condition does not nec-
essarily mean that the patient has zero viruses; it simply means the 
patient does not have enough viruses to be infectious or develop 
severe conditions.
11 The policymaker has no direct control over the testing process or 
the interpretation of testing results, which is considered the practice 
of medicine in the United States and thus, cannot be explicitly regu-
lated (Shirts 2020).
12 We have formally examined an alternative model in which the cost 
of developing a period 2 testing capacity of C2 is specified as 
γ(C2  C1)

2, and we find that our main results continue to hold.
13 A convex cost structure is aligned with the scenario of building labo-
ratory testing capacity, which often entails purchasing new machines 
and hiring new personnel. We also note that the literature commonly 
assumes a convex cost function (e.g., a quadratic function) for capacity; 
see a discussion by Eliashberg and Steinberg (1993, section 3).
14 As highlighted by Dr. Anthony Fauci in his interview with This 
Week in Virology, culturing viruses is almost impossible if the CT 
value is higher than 35 (This Week in Virology 2020).
15 A formal examination of an alternative model specification in 
which period 1 patients continue to remain sick in period 2 reveals 
that our main insights continue to hold.
16 Note that ρ�measures demand for additional testing as an imme-
diate result of a positive diagnosis. Such demand can come from for-
mal contact-tracing efforts as well as from individuals’ voluntary 
testing decisions. For the rest of the paper, for ease of exposition, we 
use “contact tracing” to refer to all such efforts that contribute to 
diagnosis-induced demand.
17 Consistent with the practice of medicine in the United States, when 
setting the CT cutoff, both the laboratory and the physician consider 
that the tested patient is equally likely to be positive or negative. 
However, this assumption can be seen as a deviation from standard 
economic theory in the sense that players with knowledge (or ratio-
nal expectation) of the disease-prevalence level ignore it while setting 
the CT cutoff. In addition, when the laboratory does not disclose the 
CT value, the physician uses the period 1 CT cutoff to compare the 
patient’s expected cost from following (assuming maximum diagnos-
tic uncertainty) and dismissing the laboratory’s diagnosis. See the 
model extension presented in Section 5.1, which explicitly considers 
disease prevalence when calculating CT cutoffs.
18 To simplify the analysis, we assume the laboratory weighs each 
dollar of welfare loss to patients equal to each dollar earned from test-
ing. In an alternative model presented in Section 5.2, we consider the 
case of a nonprofit laboratory that does not care about its own profit-
ability and show that overdiagnosis continues to exist.
19 We focus on the case in which γ�is not prohibitively high such that 
C2 ↗ z1(κl) in equilibrium. Otherwise, the term min{C2, z1(κl) +

z2(κl) ·R0} in (15) will always be equal to C2, and the laboratory’s 
problem will become a trivial one.
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